To achieve non-destructive testing for small size weld beads of metal workpieces, we developed a new testing method of closed magnetic circuit reluctance measurement. According to the shape and volume of the small size weld defects of the metal workpiece, a reluctance detection model was established in the detection environment of alternating magnetic field. The relationship between different weld defects and closed magnetic circuit reluctance was quantitatively analyzed to achieve the identification of weld defects. A particle swarm optimization algorithm (PSO) was applied to optimize the cost-sensitive support vector machine (CS-SVM), which effectively reduced the coupling errors caused by the limitation of the workpiece coupling size. This new method was used to verify the weld bead detection of representative carbide saw blades. Compared with the basic support vector machine, the improved cost-sensitive support vector machine has better performance in the classification of unbalanced samples. The experimental results showed this new method can detect the weld bead of carbide saw blade with the correct rate to 98.2%. It reduced the interference of coupling error effectively. The improved cost-sensitive support vector machine not only improved the detection accuracy, but also avoided the possibility that the defective weld workpiece samples are misclassified into qualified workpieces. This study provides a guarantee for safe production and has great significance in engineering applications. The new method provides an effective solution for the application of reluctance testing technology in small size weld bead detection.
I. INTRODUCTION
Due to the requirements of product safety, welding technology, as one of the most commonly used processing methods of industrial products, has received increasing attention. Currently, butt welding is one of the most widely used welding methods because of its low cost. However, this method is prone to low welding fastness and lack of fusion when the metal material is affected by high temperature, which seriously affects the quality of workpiece. If the unqualified workpieces are used in industrial production, it does not cause equipment damage, but also introduces safety hazards. Therefore, it is critical to detect the welding quality of the workpiece. Non-destructive testing has become one of the most popular testing methods in engineering due to its non-destructive, dynamic and strict advantages [1] . However, there are a number of limitations in the state-of-the-art
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In the non-destructive testing of metal workpieces, although the resolution of radiographic testing is high, its management, usage and maintenance are limited because of the radioactive radiation. Penetrant testing can only detect surface defects, which is complicated and inefficient. Ultrasonic testing needs to fill the gap between the probe and the measured surface with couplant. For thinner objects, the accuracy of ultrasonic testing is reduced or even missed. The magnetic particle testing has the highest defect resolution, but it has higher requirements than other detection techniques, such as smooth surfaces, etc [2] - [4] . Therefore, the above testing methods are not suitable for the production line detection of workpieces with large production capacity, a large number of welding processes and a small weld size.
In order to improve the detection ability, intensive research has been carried out in the field of nondestructive testing. For example, Rodríguez-Gonzálvez and Rodríguez-Martín [5] focused on the study of 3D features on real cases to identify the most relevant ones for weld bead detection on the basis of the information gain. By analyzing the influence of neighborhood size for covariance matrix computation, decision tree algorithms, and split criteria, optimization results are obtained. Gurieva et al. [6] carried out experiments and compared the non-destructive testing effects of visual testing, penetrant testing, ultrasonic testing, radiographic testing and other methods on PF1 coil welds. NDT is capable to detect both surface imperfections and internal flaws, both volumetric and plane defects of all types of PF1 welds. Wu et al. [7] proposed a new non-destructive testing method for macroscopic defects of materials based on the variation of differential permeability in the biased magnetization field. It not only improved defect-recognition but also facilitated defect depth recognition. Carrigan et al. [8] proposed a new non-destructive testing method based on microwave and millimeter-wave reflection methods and improved non-destructive testing of nonmetallic pipes. Brizuela et al. [9] improved the image quality obtained by the phased array ultrasonic technique by combining three ultrasonic techniques, including Phased Array with dynamic depth focusing in reception, Synthetic Aperture Focusing Technique (SAFT) and Phase Coherence Imaging (PCI). The above studies have suggested new methods or improved related algorithms for non-destructive detection of large size samples, but the detection of small size weld bead still needs further study.
In order to resolve the problem that small size weld bead detection method is not enough to realize on-line detection, we proposed a new non-destructive testing method based on reluctance measurement and the improved cost-sensitive support vector machine model, which combined the stability and accuracy of reluctance attributes in a closed magnetic circuit. In this method, we placed the small weld metal workpiece in a closed magnetic circuit, and the closed magnetic field is formed by the core winding excitation coils. Magnetic cores are closely connected with magnetic yokes. Magnetic yokes contacted workpieces and ensured that the magnetic flux passed through the weld bead. According to the information of reluctance and other physical attributes in closed magnetic circuit, we can explore the defect type of workpiece weld bead. Because of its high sensitivity, this method is especially suitable for the detection of small size weld bead in metal workpieces. But it requires high coupling degree of reluctance in the measurement circuit. Even millimeter-scale coupling airgaps will lead to abnormal change of total reluctance, which seriously affects the accuracy of test results [10] . Therefore, the improved cost-sensitive support vector machine is trained by collecting relevant feature data, and the kernel width and misclassification cost parameters are optimized by particle swarm optimization algorithm. It has the ability to distinguish weld defects from coupling airgaps and to reduce coupling errors. The improved cost-sensitive support vector machine is used to assist the reluctance measurement method to realize the accurate detection of small size weld bead in closed magnetic circuits.
This method was applied to conduct a confirmatory experiment on a weld of a representative carbide saw blade. The material of carbide saw blade is mainly tungsten steel alloy. Its base thickness is 1.5 mm and the cutter teeth thickness is 3 mm. The welding defects of carbide saw blades mainly include cracks, pores, lack of fusion and cavities. Experiments were carried out to verify the reliability of the non-destructive method based on reluctance measurement. The classification performance of the improved support vector machine and the basic support vector machine was compared with different proportion of unbalanced samples. This paper contains six parts. In the first part, we introduce the theme, the background of the topic and the workflow of the new method. In the second part, we discuss the advantages of using a closed magnetic circuit. Then we proposed the testing model of reluctance and the application of the detection system. In the third part, the particle swarm optimization algorithm was applied to improve the cost-sensitive support vector machine and use the collected feature data to train the improved cost-sensitive support vector machine. In the fourth part, the finite element simulation model was established. The types and models of defects are fully designed by software to determine the excitation signals and relevant adaptive parameters. In the fifth part, we verify the effects of weld defect types on inductance and reluctance under ideal conditions respectively. Then we carry out the experiments to obtain the test results in the actual physical environment. The classification results of the improved cost-sensitive support vector machine and the basic support vector machine for class imbalance samples are compared to verify the correctness of the method used in this paper. In the sixth part, we summarize the new methods and expound the advantages of the new methods.
II. MODEL CONSTRUCTION AND APPLICATION A. MODEL CONSTRUCTION
For establish the detection environment, this paper first compares the amplitude of the magnetic flux density of the measured object in three different environments. All three detection environments consist of excitation coils with the same number of turns, and a 20 mA AC excitation signal was applied to each coil. In the first group of experiments, only an excitation coil was used to magnetize the measured workpiece, which constituted an open-circuit detection system. In the second group, excitation coils were wound on the magnetic core to magnetize the measured workpiece, which also constituted an open-circuit detection system. In the third group, excitation coils were wound on the core. Magnetic yokes ware used to connect cores and workpieces to form a closed magnetic circuit detection system. The finite element simulation of three groups experiment is shown in Fig. 1 .
In Fig. 1 , the arrow direction indicates the direction of magnetic flux flow, and the color represents the amplitude of magnetic flux density. The numerical model shown in Fig. 1 (a) is characterized by smaller magnetic flux density, and less magnetic flux flowing through the measured workpiece. The numerical model shown in Fig. 1 (b) is characterized by high magnetic flux density and more magnetic flux flowing through the measured workpiece. The numerical model shown in Fig. 1 (c) is characterized by the strongest magnetic flux density, which shows the design of a closed magnetic circuit effectively increasing the flux flowing in the workpiece. At the same power consumption, a closed magnetic circuit can greatly reduce magnetic leakage to ensure the maximum magnetic flux density. At the same time, considering the requirement of air medium for detection of small size weld defects, closed magnetic circuit provides guarantee for the accuracy of detection.
In summary, the non-destructive testing method of reluctance measurement is based on the physical environment of a closed magnetic circuit. The path of magnetic flux always concentrates and passes through a medium with low reluctance [11] . As shown in Fig. 1 (c) , the non-destructive testing model for reluctance measurement consists of magnetic yokes, magnetic cores, excitation coils, metal workpieces, weld beads and coupling airgaps. By passing an AC excitation signal into excitation coils, and alternating magnetic field is generated around coils, which is used as the testing environment for reluctance measurement. According to the theory of reluctance, the magnetic flux must enter the workpiece through magnetic yokes. The two ends of magnetic yokes are in contact with the workpiece. One end is close to the measured weld beads and the other end is far from the weld beads. The designed structure ensures that the magnetic flux passes through the measured weld bead and is recycled by magnetic yokes.
If there are defects in the small size weld bead of the workpiece, the volume and quality of the weld material will change. The weld material is no longer compact and regular, and the weld bead is randomly filled with voids or pores of various shapes. The change of internal structure leads to the change of physical properties and then affects the change of physical quantities such as reluctance and magnetic flux. In the process of small size weld defect detection, the contact between magnetic yokes and workpieces can not reach the micron level standard, and reasonable coupling airgaps will be generated in the coupling process. Usually, the coupling airgap and weld defect are small in size. It is approximated that the magnetic circuit is filled with the uniform magnetic field and the iron loss is neglected [12] . Because the alternating magnetic field is unsaturated, the magnetic flux density is not affected by the edge effect. In order to obtain the relevant parameters of the detection system, the internal structure of excitation coils and magnetic cores are unfolded, as shown in Fig. 2 .
We divide the magnetic circuit into six parts in series. The total reluctance is the sum of the reluctance of each part as follows:
where R 1 , R 2 , R 3 , and R 4 are the reluctance of magnetic yokes, the reluctance of coupling airgaps 1, the reluctance of coupling airgaps 2 and the reluctance of metal workpiece, respectively. Coupling airgaps 1 are gaps with air as the medium, which are generated between metal workpieces and magnetic yokes due to the loose coupling. And coupling airgaps 2 are generated between the other end of metal workpieces and magnetic yokes closing to weld beads. The R γ and R mw are the reluctance of measured weld bead and the reluctance of magnetic core, respectively. Among them, the weld reluctance includes the reluctance R γ 1 of the air medium at the weld defect and the reluctance R γ 2 of the weld material at the defect. The reluctance of each part of the magnetic circuit is related to the length of each magnetic circuit, the cross-sectional area of each magnetic circuit and the permeability of the material. Then, R m can be written as,
where l 1 , l 2 , l 3 , and l 4 are the length of magnetic yokes, the length of coupling airgaps 1, the length of coupling airgaps 2 and the length of metal workpieces, respectively. A 1 , A 2 , A 3 , and A 4 are the corresponding magnetic circuit cross-sectional areas. l γ 1 and l γ 2 are the length of weld defects and the length of weld material at defects, respectively. A γ 1 and A γ 2 are the corresponding magnetic circuit cross-sectional areas. µ 0 is vacuum permeability, which is equal to 4π × 10 −7 H/m. µ 1 , µ 4 , and µ γ 2 are the relative permeability of magnetic yokes, the relative permeability of metal workpieces and the relative permeability of weld material at defects, respectively. The magnetic yoke material for oriented silicon steel, relative permeability of µ 1 approximately 7000-10000. Choosing oriented silicon steel not only effectively increases the binding magnetic ability of magnetic yokes, but also has the fairly small reluctance, which has little effect on the reluctance measurement [13] . In Fig. 2 , the turn number N of the excitation coil wound on the magnetic core can be decomposed into the product of N α and N β , where N α and N β are the layer number of excitation coils winding and the number of turns wound by a singlelayer excitation coil, respectively [14] :
where L α , L β , and r w are the winding thickness of the excitation coil, the winding width of the excitation coil and the cross-section radius of the coil, respectively. The reluctance of the core in (1) can be written as,
where I , f , φ, and R w are the excitation current, signal frequency, magnetic flux of core and the resistance of the excitation coil, respectively. Let l w , A w , and ρ denote the length of the coil, the cross-sectional area of the coil and the resistivity of the coil, respectively. According to the winding structure of the excitation coil in Fig. 2 , the length and cross-sectional area of the excitation coil can be calculated as follows:
where r c is the radius of the magnetic core. The resistance of the excitation coil can be written as,
When the above results are brought into (5) , the reluctance of the magnetic core is obtained as follows:
Because the permeability of both magnetic core and magnetic yoke materials are fairly high, their reluctance are much smaller than that of air medium. In order to ensure the detection effect and stability, it is necessary to increase the reluctance of the magnetic core to a certain extent to ensure that the magnetic flux density of the detection environment meets the detection requirements. Equation (9) shows that in order to achieve this goal, the winding width of excitation coils should be increased and the magnetic core radius should be reduced.
Because of the limitation of workpiece size on winding width of excitation coils, combined with the conventional workpiece size, we set the winding width L β is 10 mm. In order to determine the radius of magnetic cores, finite element simulation experiments were carried out on cores with different cross-sectional areas in magnetic fields with the same power consumption to explore the relationship between the magnetic flux density at the core and the radius of the magnetic core, as shown in Fig. 3 .
As shown in Fig. 3 , the magnetic flux density decreases slowly with the increase of core radius. When the core radius increases to 3 mm, the magnetic field reaches saturation. The influence of edge effect on magnetic flux density is far greater than that of core itself, which leads to a significant decrease in magnetic flux density. Therefore, r c = 3 mm is the best choice for detection and the highest stability.
The equivalent permeability theory is used to simplify other reluctances except magnetic core in (1). µ 1 1, µ 4 1, and µ γ 2 1. The order of magnitude in these three is 10 3 , so they are approximated to µ r [15] . Because the material used in the magnetic core is similar to the magnetic yoke and is closely connected, the magnetic core is regarded as the magnetic yoke, which has no influence on the analysis results. The simplified reluctance is as follows:
where m, l, and µ e , are the terms number of a polynomial in (2), equivalent magnetic circuit length and equivalent relative permeability, respectively. Let A, and nA be the equivalent cross-sectional area of magnetic circuit with the workpiece and the equivalent cross-sectional area of the magnetic yoke, where n ≥ 1, n ∈ R, 1−n n ∈ (−1, 0] . As a non-detection area, coupling airgaps 1 are far away from the measured weld bead. It is conditional to reduce the reluctance by increasing the coupling area. The effect of σ 1 on total reluctance can be neglected when n is increased. The influence of the magnetic yoke on the total reluctance also depends on the cross-sectional area. When n = 1, σ 2 = 0, magnetic yokes have no effect on the total reluctance. When n > 1, σ 2 < 0, magnetic yokes will reduce the effect on the total reluctance. In summary, the influence of coupling airgap far from the measured weld beads and magnetic yokes on the reluctance change can be controlled artificially, which is a controllable change factor. This paper does not study them in depth. Because µ r 1, (10) can be simplified as,
where η 1. A 2 can be increased by increasing the crosssectional area of the magnetic yoke. So the influence of R 2 on the total reluctance can be neglected under the condition of satisfying a certain cross-sectional area. Therefore, the mathematical model of the detection system including the main factors affecting the change of reluctance is as follows:
where η is the fluctuation factor, η 1. It is affected by the cross-sectional area of the magnetic yoke and the coupling area of coupling airgaps 1. As can be seen from the above equation, the difference of small size welding quality leads to the change of physical characteristics in the magnetic circuit [16] , [17] , and then changes the reluctance. Therefore, the non-destructive testing of small size welds can be achieved by measuring the reluctance.
Because the reluctance characteristics are stable and accurate, the model has significant advantages in the detection of small size weld bead. The reluctance change of closed magnetic circuit mainly depends on the physical properties of the weld defects and the coupling airgaps 2 which is close to the weld. However, due to the close distance between the two and the similar length and volume of the air medium, the coupling error produced by coupling airgaps 2 has the same ability of change to the reluctance with the weld defects. An optimization method is needed to attenuate the coupling error, which will be studied in detail in this paper.
B. APPLICATION OF THE MODEL
Non-destructive testing models for small size weld bead have been established. The main factors affecting the reluctance in a closed magnetic circuit are the weld defect and the coupling airgap close to the weld bead. Since the distance between coupling airgaps 2 and the weld defect are small, the reluctance cannot be reduced by increasing the coupling area, which brings about difficulty in the detection work.
In order to further study the non-destructive testing method based on reluctance measurement, a non-destructive testing system for small size weld bead was established according to the testing model. The detection system is composed of a signal generating module, detection module, data acquisition module and data processing upper computer. Its structural diagram is shown in Fig. 4 .
In Fig. 4 , the signal generating module is mainly composed of a signal generator and a power amplifier. After the signal is generated, the power is amplified. And the alternating magnetic field is generated by the excitation coil to magnetize the workpiece and the weld bead. The detection module consists of excitation coils, magnetic cores, magnetic yokes, measured workpieces and coupling airgaps. Under the affect of alternating magnetic field, the qualified weld and the defective weld will show different reluctance characteristics. Data acquisition module collects relevant characteristic data. The data is sent to the data processing upper computer for analysis to obtain coupling error and reluctance change information. The upper computer recognizes and reduces the coupling error by software algorithm, which weakens the influence. And it classifies the reluctance information to realize the inspection of small size welding quality.
III. REALIZATION OF REDUCING COUPLING ERROR A. COST-SENSITIVE SUPPORT VECTOR MACHINE
Aiming at the problem that the detection system can not distinguish the effect of weld defects and coupling airgaps on reluctance change, we construct cost-sensitive support vector machine (CS-SVM) to solve it. Through a large number of coupling experiments, we obtained the relevant feature data and trained them. It enables the detection system to distinguish weld defects and coupling airgaps, and assists the reluctance measurement method to achieve small size weld defects detection.
In practical fault diagnosis, on the one hand, the number of qualified welded workpiece samples on the production line is far more than that of defective samples, which leads to the imbalance of sample set data. Qualified sample data is obviously more than defective sample data. The basic support vector machine (SVM) has good classification performance for class-balanced sample set, but poor classification performance for class-unbalanced sample set [18] . On the other hand, it is much more harmful to classify the fault types into normal ones than to classify the normal types into fault ones. The basic SVM considers that the cost of classifying the normal samples into the fault ones is the same as that of classifying the fault samples into the normal ones. Therefore, the basic SVM will produce over-fitting in class-unbalanced samples, ignoring classes with fewer samples [19] . CS-SVM gives different classification costs to different samples. This method is more suitable for detection of small size weld defects in this paper.
Let the class-unbalanced sample set be {(
, where x i , y i , and k are the ith sample in sample set, label of the ith sample and number of samples, respectively. The known support vectors are ω · x i + b = −1, y i = −1 and ω · x i + b = 1, y i = +1, where ω and b are the normal vector of the hyperplane and the constant term. SVM maximizes the distance between support vectors by constructing hyperplane as a decision surface [20] . Since most of the practical problems are non-linear, it is necessary to map the sample points to the high-dimensional space Z, that is x → ϕ (x). Support vector is then changed to,
where ξ i is the slackness, ξ i ≥ 0. The distance between support vectors is as follows:
After analysis, the main factors affecting detection of weld defects include the coupling airgap l 3 , magnetic induction intensity B of magnetic circuit and inductance L of excitation coils. And there is a non-linear relationship between L and R m . They are stable in a closed magnetic circuit and easy to be measured. So we select the above three groups of attributes as features. CS-SVM adds misclassification cost parameters C 1 and C 2 on the basic SVM. When different samples are misclassified, they will be given different misclassification costs. The original problem of CS-SVM is as follows:
where I 1 = {i|y i = +1} and I 2 = {i|y i = −1}. We usually use the inverse proportion of two type samples number as the ratio of the misclassification cost parameters [21] . We use Lagrange multiplier method and establish Lagrange function. The reverse problem of the original problem can be obtained by finding partial derivatives of ω and b, and making them equal to zero [22] . The antithetical problem can be written as,
where {α i } n i=1 is the Lagrange multiplier and ϕ (x i ) T · ϕ x j can also be expressed as k x i , x j . The k x i , x j is a kernel function, which is used to solve the interior product of ϕ (x i ) and ϕ x j in high dimensional space.
B. OPTIMAL SELECTION OF PARAMETERS BY PSO
Due to the use of CS-SVM for assistant detection, misclassification cost parameters C 1 , C 2 and kernel width λ has a great impact on the performance of CS-SVM. We need to adopt an algorithm to calculate the optimal values of three parameters iteratively.
Particle swarm optimization algorithm (PSO) has a fast convergence speed and is less affected by the change of dimension. Therefore, we use PSO to iteratively update our position by tracking the optimal position of fitness in the position experienced by the individual and the optimal position of fitness searched by all the particles in the population, that is the individual extremums P k z,i,d and the group extremums P k g,i,d [23] . Among them, the velocity of the ith particle in the d dimensional space is updated iteratively as follows:
where V k , V k+1 , X k , and ω are the current velocity, the velocity of next iteration, current position and inertial weight, respectively. Larger inertia weight is beneficial to jump out of the local minimum, so as to facilitate global search. c 1 and c 2 are the coefficients, r 1 , r 2 are the random numbers which range from 0 to 1. The position of particles is updated iteratively as followsčž
where X k+1 i,d is the position of next iteration. We update the velocity and displacement of particles by using (19) and (20) . We compare all individual and group extremums of each particle and update them until the maximum number of iterations or preset accuracy is achieved. Then stop the iteration update. Output misclassification cost parameters and kernel width when terminating iteration.
IV. SIMULATION MODELING
In order to verify the feasibility of the reluctance measurement method, we selected the carbide saw blade in Ø184 × 3/1.5 × 16 × 36T as the test sample to carry out the feasibility experiment. In a closed magnetic circuit, the magnetized part of the sample includes the saw blade base, the cutter teeth and the weld bead between them. The relevant parameter information of the sample is shown in Table 1 .
In Table 1 , the size of the weld bead between the saw blade base and the cutter teeth is minuscule. And the weld width is about 0.5 mm. The width of the weld bead is similar to that of the coupling airgap, and the distance between the weld bead and the coupling airgap is extremely small. As shown in Equation (15) , the coupling error forms a strong interference on the detection of weld quality. Many factors make it difficult to detect the weld bead of the similar workpiece. The detection method based on reluctance measurement can solve the weld bead detection for this kind of workpiece. The carbide saw blades with cracks and cavities in the weld bead are enumerated, as shown in Fig. 5 . Among them, the position marked by the red circle left is the defective weld bead where the cavities. And the position marked by the red circle right is the weld cracks.
ANSYS Maxwell finite element simulation software is used to build the model of weld bead qualify and defect according to the material, thickness, number of cutter teeth and defect type of the carbide saw blade. Then the simulation experiment is carried out. The simulation model consists of excitation coils (including signal generator), magnetic cores, magnetic yokes, carbide saw blade base, cutter teeth, weld beads and unsaturated alternating magnetic field. Label y = +1 is set to indicate qualified saw blade samples. Label y = −1 is set to indicate weld defect saw blade samples. The representative simulation model of carbide saw blades with qualified welds, weld defects and coupling airgaps is shown in Fig. 6 .
In Fig. 6 , we increase the cross-sectional area of the magnetic yoke coupled with the saw blade base. The purpose is to reduce the effect of coupling airgap on the total reluctance by increasing the coupling area. In order to prevent magnetic saturation, the cross-sectional area of the magnetic yoke should be obviously larger than that of the magnetic core. In Fig. 6 (b) , the solder filling at the weld bead is insufficient, which is a lack of fusion defect. In Fig. 6 (c) , there is an obvious coupling airgap between cutter teeth and magnetic yokes, and the airgap width is about 0.4 mm.
Common weld defects of carbide saw blades include cracks, pores, lack of fusion, cavities, etc [24] . In order to meet diversity of weld pattern in practical engineering, we adjust the volume and length of weld defects in simulation software numerous times to achieve comprehensive multiple values. The criteria for determining welding defects are shown in Table 2 . This design method makes the welding defect samples sufficiently, and ensures the consistency of the finite element simulation results and the actual test results to the greatest extent.
While diversifying the values of welding defects, we randomly selected the value of coupling airgaps within 2 mm to simulate the coupling error in the experimental environment.
Through the finite element simulation experiment, the detection system has the highest sensitivity and the best effect to detect the weld defects of carbide saw blades wheṅ I = 20 mA and f = 300 Hz. We also determined the relevant adaptive parameters of the simulation software by simulation experiment. The maximum iterations to characterize the stopping conditions of operations is 10, and the convergence error is 2%. When convergence error is not satisfied, the proportion of iterated encryption is 30%. The solution domain representing the solution range of the model is 5% in all directions outside the model.
V. EXPERIMENTAL TEST
According to the adaptive parameters, we test the reluctance measurement model by finite element simulation. The cutter teeth of the carbide saw blade is inspected one by one, so the mesh of the current inspecting weld bead is denser, while the mesh of the other welds is sparse. This method avoids the over-expenditure of 3D model on computer resources, effectively shortens the computing time, and provides a guarantee for large amount of data acquisition.
We collected and analyzed the three feature attributes of the excitation coil inductance L, the magnetic induction intensity B, and the coupling airgap l 3 . The magnetic induction intensity was sampled once at intervals of 0.2 mm in the finite element simulation software. We obtained the magnetic induction intensity at sampling points with different coupling airgaps as shown in Fig. 7 .
In Fig. 7 , the peak variation of magnetic induction intensity was consistent under four different coupling airgaps. The peak value of cavities was the largest. The peak value of lack of fusion is larger. However, compared with the cavities, the peak value decreases greatly. The peak value of pores and cracks is smaller, and the peak value of pores is slightly larger than that of cracks. The peak value of qualified welding is the smallest. We refine the sampling interval of the sampling points where the peak of magnetic induction intensity is located in Fig. 7 to determine the peak value and the exact sampling points where the peak occurs, as shown in Table 3 .
In Table 3 , with the increasing of coupling airgaps, the peak magnetic induction intensity at sampling points of various weld defect types decreases gradually. Under the same coupling airgap, the peak values of magnetic induction intensity corresponding to cracks, pores, lack of fusion and cavities increase in proper order. The sampling points with peak have the distribution regularity. The sampling points where the peak of the same defect type are distributed in the same region. The results show that there is a correlation between the magnetic induction intensity and the coupling airgap in the magnetic circuit, which shows a certain objective law and is suitable for data analysis as feature attributes.
We test the above simulation models by adjusting the parameters one by one, and select two representative groups of results to compare, as shown in Fig. 8 .
In Fig. 8 , it is shown that the magnetic induction intensity in a closed magnetic circuit is greater than that around the magnetic circuit, and the maximum amplitude of the magnetic induction intensity is found at the detected cutter teeth. The white circle in Fig. 8 is the weld bead under test. In Fig. 8 (a) , the magnetic induction intensity at the weld bead is uniform, which indicates the qualified weld bead will not interfere with the magnetic flux. In Fig. 8 (b) , the amplitude of magnetic induction intensity at weld bead fluctuates seriously, ranging from 0.5 T to 3 T. It shows that weld defects have great interference on flux path, and also change physical properties such as reluctance.
Reluctance and inductance of excitation coil have different results under different coupling airgaps. We use finite element simulation software to quantitatively explore the reluctance and inductance corresponding to weld defects with different volumes of carbide saw blades under ideal coupling conditions, as shown in Table 4 . In Table 4 , the reluctance of qualified weld bead is the smallest, and the inductance of excitation coil is the largest. The reluctance corresponding to cracks and pores increases slightly and the inductance decreases slightly. Lack of fusion corresponds to larger reluctance and smaller inductance. The maximum reluctance and the minimum inductance correspond to the cavities. The results show that different weld defects directly lead to the change of reluctance and coil inductance in a closed magnetic circuit. The larger the defect volume, the larger reluctance, the smaller the inductance and vice versa. The simulation results are consistent with the theoretical demonstration.
According to the relevant parameters of finite element simulation, we establish a detection system to carry out physical experiments. Among them, excitation coils are composed of copper enameled wire with a diameter of 0.11 mm, which are tightly wound on magnetic yokes, and the number of winding turns are 1000. We selected diverse groups of carbide saw blades with different defect types for experimental testing. Then we measured and recorded the coupling airgap l 3 , the inductance L of excitation coils and the magnetic induction intensity B respectively by controlling the random value of the coupling airgap within 2 mm. The experiment collected 5000 sets data and randomly divided the training set and the test set according to the 9:1 ratio. In the training set, there were 2546 group qualified weld bead samples and 1954 group defective weld bead samples, which were formed by four kinds of weld defects. The proportion of qualified and defective data sets in test set is similar to training set. So the proportion of misclassification cost parameters is C 1 : C 2 = 1 : 1.303.
Applying the improved CS-SVM and the basic SVM to test 500 sets of data, we get the classification results with two kinds of vector machines for test sets as shown in Figure 9 .
In Fig. 9 , for identical test data sets, the classification errors of the basic SVM are significantly more than improved CS-SVM. According to statistics, the improved CS-SVM has only 9 wrong classification samples, and the classification accuracy rate is 98.2%. All the wrong classification samples were judged as defective saw blades by qualified weld saw blades. The basic SVM has 32 wrong classification samples, and the classification accuracy is 93.6%. There are mutual misjudgments between qualified weld is the sample set of the defective saw blade judged by the basic SVM as qualified. This kind of misclassification is unusually harmful, and results in serious consequences in engineering application. Therefore, the method based on reluctance measurement has excellent performance and reasonable model construction process, which is suitable for weld bead detection of large quantities workpieces on the production line. Relevant data for improved CS-SVM classification are shown in Table 5 .
Through the exploration and verification after the experiment, we found that the nine groups of incorrect classification samples is that the thermal burns occurred in the weld bead due to high temperature welding, which affected the feature attribute data and led to the incorrect classification of individual samples. In later research, thermal burns will be included in the testing scope to make the detection method more effective.
Keeping the misclassification cost parameter in C 1 : C 2 = 1 : 1.303 unchanged, we then used five different sample sets with positive-negative sample ratio of 1:1, 2:1, 3:1, 4:1, 5:1 to test and compare the classification performance of the improved CS-SVM and the basic SVM. The results are shown in Fig. 10 .
In Fig. 10 , the improved CS-SVM effectively improves the diagnostic accuracy of defect samples compared with the basic SVM. In the process of increasing sample proportion, the distinction between the two methods becomes increasingly obvious. The improved CS-SVM is less affected by sample imbalance performance and has strong generalization ability.
It is suitable for class-unbalanced samples and sample set data with different misclassification costs.
VI. CONCLUSION
As a new non-destructive testing method for small size weld bead, the reluctance measurement demonstrated in this study achieves high efficiency and accuracy, and can be used to detect a large number of workpieces on the production line. The new method establishes a closed magnetic circuit reluctance measurement model to explore the characteristics of small size weld defects, and obtains the quantitative relationship between closed magnetic circuit reluctance and weld defects. To investigate the coupling error caused by the coupling surface close to the weld bead, we use the improved CS-SVM to effectively reduce the error interference, and get the following conclusions:
1) Under the same coupling airgap, the peak values of magnetic induction intensity corresponding to cracks, pores, lack of fusion and cavities increase in proper sequence, and the ability to change reluctance also increases in proper sequence. 2) The improved CS-SVM can effectively reduce the interference of coupling airgaps of general workpiece on reluctance measurement, and provide a guarantee for non-destructive detection of small size weld bead.
3) A large number of simulation data verify that this new
method is used to detect the weld bead of representative carbide saw blades, and the accuracy rate is 98.2%. The new method successfully solves the difficult problem of detecting small size weld defects in production line which can not be solved by traditional non-destructive testing method.
4)
Compared with the basic SVM, the improved CS-SVM not only has excellent performance and high diagnostic accuracy in handling class-unbalanced samples, but also strictly avoids the possibility that defective weld samples are misclassified into qualified ones, which provides a guarantee for safe production.
